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Abstract

Knowledge editing (KE) has emerged as an effective approach
for updating factual information in large language models
(LLMs) without the need for full retraining. Most of the exist-
ing methods for addressing the “ripple effect” in KE adopt a
chain-structured reasoning process, making them vulnerable
to error accumulation from early incorrect steps. Moreover,
their conflict detection mechanisms are often susceptible to
the LLM’s inherent confirmation bias, further undermining
the reliability of the editing process. To overcome these chal-
lenges, we propose Tree of Editing (ToE), a tree-structured,
retrieval-enhanced knowledge editing framework designed
to support robust reasoning under factual updates. ToE ex-
pands reasoning paths using a breadth-first strategy combined
with score-guided beam search, enabling diverse and error-
tolerant inference. Besides, we introduce an observer to objec-
tively update knowledge, avoiding the bias caused by LLMs’
over-confidence. Experimental results on two benchmarks,
namely MQuAKE-CF (targeting ripple-aware editing) and
DUNE (free-form editing), demonstrate that the ToE frame-
work significantly outperforms existing methods.

1 Introduction

Large Language Models (LLMs) have achieved remarkable
success across a wide range of natural language processing
tasks (Zhao et al. 2023; Touvron et al. 2023; Achiam et al.
2023; Press et al. 2022). The factual knowledge embedded
within these models tends to become outdated, posing a criti-
cal challenge for their sustained reliability and accuracy in
real-world applications (Ilharco et al. 2022; Sinitsin et al.
2020). To address this limitation, the research community
has proposed knowledge editing techniques (Sinitsin et al.
2020; De Cao, Aziz, and Titov 2021; Ni et al. 2023; Qi et al.
2024), which aim to update specific factual information in
LLMs without training from scratch.

A key challenge in knowledge editing for LLMs is the
ripple effect, where modifying a single factual statement
requires corresponding updates to other related facts (Cohen
et al. 2024; Zhong et al. 2023). It is usually evaluated by
multi-hop question answering (MQA) (Khalifa et al. 2022;
Rao, Mane, and Paliwal 2022). Although existing knowledge
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Who is the author of The Marriage of Figaro?
The Marriage of Figaro's author is Mozart.

The Little Prince’s author is Saint-Exupéry.

Retrieved fact contradicts to LLM answer,
intermediate answer is: Saint-Exupéry.

What country does Saint-Exupéry come from?

Figure 1: An illustration of cumulative error in chain-
structured editing. The example shows how an initial error,
stemming from contradictory judgments, leads to the genera-
tion of incorrect subsequent sub-questions and ultimately a
wrong final answer.

editing techniques have made significant progress in local
updates, for example, some methods directly modify the exact
neural activation during the LLM inference process (Meng
et al. 2022a; Dai et al. 2021; Meng et al. 2022b), they often
fall short in effectively handling the ripple effect via MQA.

An emerging direction to address the ripple effect is the
editing of contextual knowledge using external memory mod-
ules (Zheng et al. 2023; Zhong et al. 2023). These methods
have demonstrated higher editing success rates and improved
scalability, along with enhanced robustness (Zhao et al. 2024;
Wang et al. 2024a).

However, most contextual editing approaches follow a se-
quential decision-making paradigm (Zhong et al. 2023; Gu
et al. 2023; Wang et al. 2024a). Once a knowledge update
error occurs at a certain step, subsequent reasoning will de-
viate from the correct path, resulting in the accumulation
of errors (LI et al. 2024; Bi et al. 2024), as illustrated in
Figure 1. To address the challenge of error accumulation in
multi-step reasoning, we naturally consider sampling mul-
tiple reasoning paths at each step to enhance the diversity
of subproblems. This process gives rise to a tree structure,
where we construct an evidence tree to enable multi-path
exploration and conflict-aware knowledge editing—referred



to as Tree of Edit (ToE). Specifically, at each reasoning
step, the model generates multiple candidate sub-questions
from the current node in a breadth-first manner and performs
knowledge editing for each. Once a sufficient number of evi-
dence nodes have been gathered, we aggregate the collected
evidence to get the final answer.

Expanding a tree of depth k with n children per node
incurs a computational complexity of O(n*), which is signif-
icantly higher than that of chain-based reasoning structures.
To mitigate this issue, we propose a Score-Guided Beam Ex-
pansion mechanism, which dynamically filters high-quality
nodes to limit the tree’s width. This approach preserves the
structural advantages of the tree while effectively reducing
the time complexity to O(n - k - beam size). In addition, the
tree-based structure of ToE naturally supports parallel com-
putation. By executing reasoning tasks along different paths
concurrently on multiple GPUs, we can significantly reduce
overall inference time, approaching the response speed of
chain-based methods.

Moreover, most existing methods for identifying and re-
solving knowledge conflicts typically rely on the inherent
capabilities of LLMs (Wang et al. 2024a). However, LLMs
are prone to exhibit confirmation bias (Xu et al. 2024a), tend-
ing to be more faithful to information that aligns with their
internal memory (Wang et al. 2024b). While fine-tuning of-
fers a straightforward way to enhance conflict detection ca-
pabilities (Wang et al. 2024a), it requires task-specific anno-
tated data and substantial computational resources (Wei et al.
2021; Mishra et al. 2021). To overcome these limitations,
we introduce an auxiliary Observer module that objectively
determines whether knowledge should be updated.

We evaluate ToE on multiple datasets, including the ripple-
effect-sensitive dataset MQuAKE-CF and the free-form
editing benchmark DUNE. Experimental results demonstrate
that ToE achieves substantial improvements in editing relia-
bility and reasoning generalization.

In short, our contributions include:

* We propose Tree of Editing (ToE), a novel tree-structured,
retrieval-enhanced knowledge editing framework, which
effectively mitigates the error accumulation problem in-
herent in chain-based reasoning methods.

* We develop a score-guided beam expansion strategy that
balances the trade-off between reasoning diversity and
computational efficiency, and introduce an observer to
objectively judge conflicts, thus avoiding confirmation
bias in LLM.

* Results on different datasets confirm that our ToE frame-
work significantly enhances the factual adaptability of
LLMs while maintaining robustness and efficiency.

2 Task Definition
2.1 Knowledge Editing

We consider a fact edit as the transformation of a factual
triplet (s, 7, 0), into a modified one (s, r, 0*). This signifies
an update to the object o associated with a given subject s and
relation r, which we denote concisely as e = (s,7,0 — 0*).
Given a collection of such fact edits £ = {ej, eq, ...} and
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an initial language model f, the primary goal of knowledge
editing is to learn a function F': f x & — f* that accurately
reflect the changes introduced by the set of edits £.

The quality of knowledge updating can be assessed
through the following key indicators (Wang et al. 2024c).
First, reliability refers to the updated model’s accuracy on the
new knowledge. For instance, the answer to ”Who is the Pres-
ident of the US?” should change from “Joe Biden” to ’Donald
Trump”. Second, generalization indicates the model’s ability
to correctly update semantically similar queries. Third, lo-
cality ensures that the update doesn’t negatively impact the
model’s performance on unrelated questions.

2.2 Ripple Effect for Multi-hop Questions

Answering multi-hop edit questions necessitates the iden-
tification of a sequence of interconnected facts, forming
a fact chain G;. This chain starts with an initial head en-
tity s; and progresses through a series of relationships
{(s1,71,01), (82,72,02), ..., (Sk, Tk, 0k ) }, where the tail en-
tity o; of one fact serves as the head entity o;,; for the
subsequent fact. In the context of knowledge editing, the rip-
ple effect (Cohen et al. 2024) refers to modifying a single
fact within a chain can necessitate corresponding changes in
subsequent linked facts to maintain logical coherence. For ex-
ample, if the edit is (UnitedStates, President, Biden —
Trump), the answer to "Who is the spouse of the U.S. Presi-
dent?” should also change accordingly. Accurately handling
these ripple effects presents a greater challenge for LLMs.

3 Methodology
3.1 Overview

To answer queries with edit knowledge, we propose Tree of
Editing (ToE), a novel framework that dynamically constructs
an evidence tree through iterative branching and conflict-
aware verification. As illustrated in Figure 2, given an input
query (), we initiate the query as the root node and hierarchi-
cally expand the tree by generating two distinct node types:
Evidence nodes and Non-terminal Reasoning Nodes (Sec-
tion 3.2). The latter includes a sub-question paired with a
sub-answer, which derives from knowledge retrieval and an
observer (Section 3.3). In addition, to enhance search effi-
ciency and prevent the time overhead caused by expanding
all nodes, we introduce a Score-Guided Beam Expansion
mechanism (Section 3.4) that evaluates high-quality interme-
diate nodes for further expansion. When a sufficient number
of evidence-answer nodes are generated, the final answer is
obtained through weighted fusion of these nodes (the pseu-
docode is shown in Algorithm 1.

3.2 Evidence Tree Construction

ToE organizes the reasoning process as a breadth-first con-
struction of an evidence tree. The root node Ny corresponds
to the original multi-hop query (), and each expansion step
aims to decompose complex reasoning into simpler sub-
problems. The construction process proceeds iteratively ac-
cording to the following steps:

Evidence Check: For each node, we examine whether
the current root-to-node path provides sufficient supporting



Weighted Fusion

Previous IR IR
} SubQ it 1 [subQ)
Q Q /CoT | Update ] | /CoT Update Answer
Ours
! What country is the sport associated with the ! e
! K. origi ? 4
\eeans he ad coac h ?_f_ga_ll_a_tisi?[?&?__K__?EI_QJ?EIIXTE?T_-.-,' ,' Answer Verification & Correction Module
: /ﬁ
1 pPmSsomssoEo
' | Node 1,3 /
i S -7 Knowledge | Uiz Eeas
Node Node Node - B 1 coach o
[ 1,1 ] [ 150) ] [ 1,3 ] <\\ IPerisiii NodehO . Base i Galatasaray
Score: 0.9 Score: 0.2 Score: 0.8 A Sub-query: Who is i S.K.is Eric
Y the head coach of i @antona,
! || Galatasaray S.K. S~
[ Node ] Node Node [ Node ] [ Node ] [ Node ] b
2,1 2,2 2.3 2.4 2,5 2.6 ! LLM answer:
Score: : : : : : 1 || Fhe-head-coach-of Observer
core: 0.2 Score: 0.7 Score: 0.1 Score: 0.0 Score: 0.5 Score: 0.1 b @
U | | Galatasaray-Sdc :
l ! | Lis Rijad Karer
1
1
[ Node ] [ Node ] [ Node ] Node Node Node : Node answer:
3,1 3,2 33 34 3;5 36 | !
. The head coach of
[ l ! ! ] .
1
1
1
1
1
\

! Bharat
[ Final Answer ] Ganarajya *

Galatasaray S.K.
is Eric Cantona

Figure 2: Overview of the Tree of Editing (ToE) framework. ToE expands a reasoning tree via sub-question generation. Each
sub-question is answered by the model and verified using retrieved edit knowledge through an additional observer. Verified
answers are scored for relevance and usefulness, and only top-scoring nodes are selected for further expansion. Once sufficient
evidence nodes are gathered, the final answer is derived through weighted fusion of answers along the highest-confidence paths.

evidence to answer the original query (). If the evidence
is deemed sufficient, we terminate further expansion along
this path and generate an Evidence Node. An evidence Node
encapsulates the original query () along with a local answer
synthesized from the evidence accumulated along the path.

Reasoning Expansion: If the current evidence is insuf-
ficient, the model samples n candidate sub-questions from
the current node. These sub-questions represent plausible
intermediate reasoning steps. Each sampled sub-question
forms a Non-terminal Reasoning Node, structured as a pair
(g, a%"), where g; is the generated sub-question and a"°%!
is the model’s initial attempt to answer it.

3.3 Conflict-Aware Edit Knowledge Injection

We inject edit knowledge in a conflict-aware manner. Fol-
lowing (Zhong et al. 2023), we adopt the Contriever re-
triever (Izacard et al. 2021) to store and retrieve edit knowl-
edge. All edit knowledge is pre-encoded and stored in the
external editing knowledge base. For each generated sub-
question g;, we retrieve the top-1 relevant sentence atrieved
from the editing knowledge base.

To determine whether the model’s answer needs to be up-
dated with the edited knowledge, we use an auxiliary observer
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to identify factual conflicts, avoiding the confirmation bias of
LLMs. Specifically, compared to using LLMs as observers,
we find that a lightweight Natural Language Inference (NLI)
model offers a favorable trade-off between accuracy and in-
ference efficiency (see ablation results in Section 6.3). The
NLI-based observer is not only faster but also demonstrates
competitive performance in detecting factual inconsistencies.
The Observer outputs a probability distribution over three
labels: entailment, neutral, and contradiction. Specifically,
we set a*ieved ag the premise and a™%! as the hypothesis.
The final answer af" for node i is determined as follows:

final {a;“"del, P(neutral) = max(p)
a; =

. . (1
' agemmd otherwise

Where p denotes the output probability distribution over
the three labels and P(neutral) = max(p) ensures that only
when neutral is clearly the dominant label with high confi-
dence does the model retain its original answer. In other cases,
especially those where contradiction is likely or entailment
is unclear, we defer to the retrieved knowledge.

This mechanism enables ToE to handle subtle conflicts
and ambiguous entailments gracefully, improving the factual
integrity of the reasoning process while preserving robustness



under noisy or uncertain conditions.

3.4 Score-Guided Beam Expansion

To mitigate the computational cost of exhaustively expanding
all nodes in the evidence tree, we introduce a Score-Guided
Beam Search mechanism that evaluates and selects the most
promising nodes for further expansion.

After editing knowledge injection (Section 3.3), each rea-
soning node is assigned a finalized intermediate answer a/"!.
We then employ a scoring module to compute the score s;
for that node. The score is evaluated based on the following
criteria: (1) semantic relevance between the sub-question of
the node g; and the original query @, and (2) the constructive-
ness of the node’s answer in contributing to the resolution of
Q. Detailed scoring guidelines are provided in the appendix.

For all nodes at a certain depth, only the top-b scoring
nodes (i.e., beam width b) are selected for expansion, effec-
tively guiding the search process along high-quality reasoning
trajectories. This reduces the computational burden compared
to exhaustively expanding all nodes, lowering the complexity
from exponential in the depth h (i.e., O(n") for BFS) to a
much more manageable O(n - h - b).

Once the number of nodes of the collected evidence ex-
ceeds a threshold £, we perform a weighted response fusion
to extract the final answer. Each evidence node contributes
a candidate answer. For each answer, we compute the aver-
age score along the path from the root to the evidence node.
The final answer is selected as the one associated with the
highest average path score. Formally, let P; denote the set of
nodes along the path to the evidence node j, The final answer
Answer is given by:

1
Answer™! = argmax | — Z S5 2)
7\ IBil &

4 Experiments
4.1 Datasets and Metrics

We implement our method on two editing datasets:
MQuAKE-CF (Zhong et al. 2023) and DUNE (Akyiirek et al.
2023).MQuAKE-CF is constructed using fact triples from
Wikidata (Vrandeci¢ and Krotzsch 2014). This dataset evalu-
ates LLMs’ ability to handle counterfactual edits in multi-hop
queries. Unlike prior datasets, MQuAKE-CF assesses the
ripple effect of multiple edits, making it our primary bench-
mark.DUNE expresses edits in natural language rather than
structured triples. It covers diverse domains: New Informa-
tion and Scientific Reasoning.

MQuAKE-CF provides a reliability metric, measuring
whether a model can answer post-edit multi-hop queries cor-
rectly. However, as discussed in Section 2.1, generalization
is also a key dimension of knowledge editing. Thus we con-
struct generalization queries for MQuAKE-CF, following
the procedure detailed in appendix. For DUNE, which is a
multiple-choice dataset, we use accuracy to evaluate reliabil-
ity and locality. Examples of data formats and More details
about the data can be found in the appendix.
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Algorithm 1: Tree of Editing (ToE) Framework

Require: Query @, Model M, KB K4, Beam b, Depth d,
Evidence k, Branching n
Ensure: Final Answer Agua
0: Init root Ng + @, £ < 0, Queue + [Ny]
0: while |£| < k and depth < d do
NextQ < 0
for N; in Queue do
if SUFFICIENT(/V;) then
A; + EXTRACT(;), € + EU{(N;, 4;)}
continue
end if
Q < GENSUBQ(N;, n)
for ¢; € Q do
a™ + M(q;), a” < RETRIEVE(K i, ¢;)
p < OBSERVE(a™,a")
a* « argmax,(a™, a") based on formula 1
s; < EVAL(q;, a*, PATHTOROOT(7))
NextQ < NextQ U{(¢;, a*, s;)}
end for
end for
Queue + TorPB(NextQ, b)
end while
Cands < AGGREGATE(E)
Afinal < SELECTBEST(Cands)
return Agn, =0

4

PR

4.2 Baselines

We compare our ToE framework with both parametric and
non-parametric approaches. Parametric methods directly
modify the model’s weights to encode new information, such
as Fine-Tuning (FT), Rank-One Model Editing (ROME)
(Meng et al. 2022a), and Knowledge Neuron-based edit-
ing (KN) (Dai et al. 2021). In contrast, non-parametric
methods preserve the original model weights and introduce
edited knowledge at inference time, including MeLLo (Zhong
et al. 2023), a memory-based method to retrieve factual edits;
Retrieval-Augmented model editing (RAE) (Shi et al. 2024),
which utilizes maximum mutual information to retrieve
knowledge; PokeMQA (Gu et al. 2023), a programmable
knowledge editing method for Multihop Question Answering;
and EditCoT (Wang et al. 2024a), which constantly corrects
CoT during the reasoning process. More implementation
details about the baselines can be found in appendix .

4.3 Implementation Details

We evaluate all methods on two open-source LLMs: Meta-
Llama-3-8B-Instruct (Grattafiori et al. 2024) and Qwen2.5-
14B-Instruct (Yang et al. 2024). The NLI used in Section 3.3
is DeBERTa-v3-large-mnli-fever-anli-ling-wanli (He et al.
2020; Laurer 2022). Since the maximum number of reasoning
hops in MQuAKE-CF is 4, we configure the evidence tree
with a maximum depth of 5. Each reasoning node is allowed
to expand up to n = 3 sub-nodes. We set the beam width b
to 2 and terminate expansion once the number of collected
evidence nodes reaches the threshold k£ >= b. More details
about the baselines can be found in the appendix.



MQUuAKE-CF DUNE

Model Method Re Ge Avg NI NIL Sci Avg

Original Model - - - - 65.2 - -
ROME (Meng et al. 2022a) 40 0.0 2.0 69.1 58.4 81.4 69.6
KN (Dai et al. 2021) 28 0.0 1.4 66.6 9.6 82.1 52.8
FT (Hu et al. 2022) 3.6 12 24 30.3 235 1.1 21.6
Me“{iﬁf’t‘f“;f'SB MeLLo (Zhong et al. 2023) 30.4 15.1 2238 89.8 15.0 77.1 60.6
PoKEMQA (Gu et al. 2023) 34.0 20.1 27.1 58.7 36.7 61.7 52.4
EditCoT (Wang et al. 2024a) 35.4 16.0 25.7 91.3 59.7 85.0 78.7

RAE-full (Shi et al. 2024) 437 216 327 - - : :

RAE-prune (Shi et al. 2024) 48.3 23.6 36.0 - - - -
ToE (Ours) 53.1 27.9 405 93.3 61.4 82.2 79.0

Original Model - - - - 64.4 -

ROME (Meng et al. 2022a) 0.0 0.0 0.0 73.1 60.1 75.5 69.6
KN (Dai et al. 2021) 32 0.0 1.6 73.4 113 75.3 53.3
_ FT (Hu et al. 2022) 9.5 17 5.6 76.2 25 13.8 38.4
Qv_vflgztf c1t4B MeLLo (Zhong et al. 2023) 33.1 75 20.3 89.7 38.5 423 57.0
u PoKEMQA (Gu et al. 2023) 36.6 9.0 2.8 17.3 30.2 77 18.4
EditCoT (Wang et al. 20244) 34.2 11.3 228 93.8 61.0 86.3 80.4

RAE-full (Shi et al. 2024) 32.9 738 20.4 - - B }

RAE-prune (Shi et al. 2024) 30.9 7.1 19.0 ; ) ; ;
ToE (Ours) 38.9 139 26.4 94.0 63.1 87.2 81.4

Table 1: Accuracy Comparison of Different Methods on MQuAKE-CF and DUNE Datasets. Re: Reliability, Ge: Generalization,
Avg: Average, NI: New Info, NIL: New Info Locality, Sci: Science. For the New Info Locality metric, to compare with the
unedited model, we tested the accuracy of the original model. RAE cannot be applied to the DUNE because DUNE cannot

construct the knowledge graphs required for RAE.

5 Overall Performance
5.1 Effectiveness of Knowledge Editing

We compare ToE with a range of knowledge editing baselines
across the MQuAKE-CF and DUNE datasets. The results are
presented in Table 1. Compared to the baseline methods, our
approach achieves promising results.

First, parameter-based knowledge editing methods exhibit
very low editing accuracy, with only 4.0 for ROME and 2.8
for KN. This is because such approaches often fail to scale
to large-scale editing scenarios - extensive modifications to
model parameters tend to destabilize the model’s output be-
havior, which is consistent with the findings reported in (Li
et al. 2024). In contrast, our method does not modify model
parameters, preserving the original knowledge and capabil-
ities of the model and enabling more accurate reflection of
injected counterfactual facts during the reasoning process.

Second, our method also outperforms existing in-context
editing techniques. We attribute this improvement to the pro-
posed conflict-aware tree-based search mechanism, which
enables the model to explore more diverse and higher-quality
reasoning paths. Unlike linear or retrieval-based editing strate-
gies, our tree-structured exploration helps model avoid error
propagation and maintain logical consistency throughout the
reasoning process.

Moreover, we evaluated the accuracy across different rea-
soning hops, as shown in Figure 3. It can be observed that
our method demonstrates stronger reasoning capability and
greater robustness against performance degradation on high-
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PokeMQA MeLLo RAE EditCoT ToE

GPT-40-mini 353 43.2 55.3 335 54.1
GPT-40 38.0 453 58.7 45.0 60.8

Table 2: Editing reliability on proprietary black-box LLMs
evaluated on the MQuAKE-CF dataset. Our method performs
well across diverse LLMs.

hop questions. Notably, some baseline methods (e.g., MeLLo)
exhibit a sharp decline in accuracy as the number of reason-
ing hops increases, further highlighting the stability of our
method in deeper multi-hop reasoning scenarios.

5.2 Generalization and Locality Evaluation

As shown in Table 1, the generalization metric shows a signif-
icant performance drop compared to the reliability metric. We
attribute this to longer contexts in generalization queries, and
reasoning over longer contexts is more challenging, which
aligns with the findings of (Xu et al. 2024b). Nevertheless,
our method still demonstrates superior performance, demon-
strating that our ToE architecture offers stronger capabilities
for complex reasoning tasks.

Although all methods incur a drop in locality compared
to the original model (65.2 and 64.4), our method achieves
the closest performance (61.4 and 63.1). This indicates ToE
introduces minimal side effects on unedited queries.
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Figure 3: Editing accuracy across different hop counts on
reliability of MQuUAKE-CF. ToE maintains high accuracy
even as hop count increases.

6 Analysis

6.1 Editing Accuracy on Proprietary Black-box
Models

To investigate the compatibility of our method across lan-
guage models of different types and scales, we evaluate the
editing performance on the closed-source GPT model using
the MQuAKE-CF dataset, as shown in Table 2. Since the
retrieval phase of RAE requires access to the model’s output
probability distribution, we adopt the open-source Llama3-
8B as a proxy model. The results show that our method not
only performs well on open-source LLMs, but also general-
izes effectively to large closed-source models, demonstrating
the robustness and flexibility of our method.

6.2 Hyperparameter Sensitivity

We conduct sensitivity analysis on two critical factors: beam
width b and branching factor n. Table 3 reports the editing
accuracy under different combinations of these parameters.

We observe that increasing the beam width b and the num-
ber of node expansions n initially leads to substantial im-
provements in overall performance, as reflected by the AVG
metric, indicating that expanding the search space indeed
allows the model to capture more informative reasoning
paths. However, further increasing the hyperparameters to
b = 3,n = 5 only yields a slight improvement, and even
slightly reduces performance on reliability of MQuAKE-CF.
This suggests that while broader search somewhat increases
the chance of discovering informative paths, it also introduces
more noise and computational cost.

These results highlight a non-linear relationship between
search scope and model accuracy. This implies that using
moderate values such as b = 2, n = 3 strikes a good balance
between reasoning accuracy and computational efficiency.

6.3 Ablation Study

We perform ablation studies on two modules: (1) replac-
ing the NLI-based observer with different type of LLMs for
conflict detection, and (2) expanding the lowest-scoring in-
stead of the top-scoring nodes during reasoning. As shown
in Table 4, replacing the observer with small LLMs leads to
clear performance drops (down to 38.1), while larger LLMs
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Re NI SCI AVG

b=1,n=1m=5 42.0 74.2 68.9 61.7
b=1,n=2m=>5 45.9 83.0 78.1 69.0
b=2n=3,m=5 53.1 933 82.2 76.2
b=3,n=5m=>5 52.7 94.0 84.4 77.0

Table 3: Hyperparameter sensitivity on different dataset met-
rics. The rate of accuracy improvement slows down with
higher hyperparameter values.

60
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Figure 4: Relationship between inference time and perfor-

mance. Our method achieves better time efficiency by lever-
aging multi-GPU parallelism.

incur high latency. Our method achieves a better balance
between accuracy and efficiency. Similarly, expanding low-
scoring nodes severely degrades performance (down to 23.4),
confirming that prioritizing high-quality reasoning paths is
critical. These results underscore the necessity of both com-
ponents for effective and robust multi-hop knowledge editing.

6.4 Efficiency Analysis

Tree-structured reasoning often increases computational over-
head due to node expansion. To address this, ToE supports
dynamic adjustment of expansion breadth and leverages par-
allelism to offset the added cost. We evaluate two settings
on MQuAKE-CF with Meta-Llama-3-8B-Instruct over 300
examples. In the Single-GPU setup, ToE runs on one A800-
80G GPU, matching baselines. In the Multi-GPU setup, four
A800 GPUs each explore a tree branch in parallel, with asyn-
chronous result collection.

Figure 4 shows the trade-off between latency and accu-
racy. While ToE incurs higher latency than chain-based meth-
ods (e.g., MeLLo, PokeMQA) under a single GPU due to
its tree expansion, the increase is moderate—only 2—3x de-
spite a width-6 structure—making it a practical design. Cru-
cially, ToE’s core operations (node expansion and scoring)
are highly parallelizable. With Multi-GPU execution, ToE
reduces latency to near chain-based levels, demonstrating
strong scalability and efficient hardware utilization. In con-
trast, RAE suffers from much higher latency due to its re-
liance on querying both a knowledge graph and external
sources such as Wikidata via API calls.



Method Type LLM Type Expansion MQuAKE DUNE OA OL(s)
ToE (Full) observer-based - Top-b Score 53.1 93.3 92.0 0.09
Ablation 1 LLM-based Llama-3-8B-Instruct Top-b Score 38.1 78.2 78.5 4.25
Ablation 2 LLM-based GPT-40-mini Top-b Score 51.8 93.7 91.5 1.58
Ablation 3 LLM-based Qwen2.5-32B-Instruct Top-b Score 49.9 89.8 87.0 8.81
Ablation 4 observer-based - Bottom-b Score 234 81.0 91.8 0.09
Table 4: Comparison of different observer types and expansion strategies. OA: Observer Accuracy, OL: Observer Latency.

: Accepted as the node answer

| Edits: January 10, 2022 — The first successful i Node 1,1:

i heart transplant from a pig to a human patient
occurs in Baltimore, Maryland, United States.

Q: Is January 10, 2022 a significant medical event?

A: It does not appear to be widely recognized as a significant medical event on a
global scale based on publicly available information.

Retrieved edit: 3 January, 2022 — [United Kingdom] COVID-19 in the UK...

' What significant medical event took place |

{ N\ on January 10, 2022? Node 1,2:

Q: Has a pig-to-human brain xenotransplantation ever been successfully achieved?
A: No brain xenotransplant has ever been successfully performed in humans.
Retrieved edit: 3 January, 2022 — [United Kingdom] COVID-19 in the UK...

Node 1,3:

Node Node Node
1,1 1,2 1,3

Q: What medical procedure was performed for the first time on Jan 7, 20227
A: The first heart transplant from a pig to a human was performed on Jan 7, 2022 .
Retrieved edit: January 10, 2022 — The first successful heart transplant from a pig to

a human patient occurs in Baltimore, Maryland, United States.

Score: 0.2 Score: 0.1 Score: 0.9
Node | [ Node || Node Node | [ Node | | Node
Score: 0.2 C C B B B

Q: Which type of transplant was performed on January 10, 2022

A: The type of transplant performed on January 10, 2022 was a kidney transplant.

Final Answer: B

Retrieved edit:January 10, 2022 — The first successful heart transplant from a pig to
a human patient occurs in Baltimore, Maryland, United States. 4

Figure 5: A case study of our ToE framework on the DUNE Dataset

6.5 Case Study

Figure 5 illustrates a case of ToE’s reasoning on the one-hop
DUNE dataset, and complete case studies on other datasets
are provided in the appendix. We can observe that the ToE
method selects and expands only the nodes that contribute the
most to solving the problem, while avoiding the expansion of
low-quality nodes (such as those that are repetitive, irrelevant,
or ambiguous). When faced with complex multi-hop ques-
tions, our method also demonstrates significant advantages.

7 Related Work

Previous research has investigated various methods for edit-
ing LLM knowledge (Wang et al. 2024a, 2025; Zhang et al.
2024). Some of these methods focus on locating and modify-
ing the model parameters associated with specific concepts.
(Meng et al. 2022a) used causal intervention analysis and
Rank One model editing methods to locate and modify spe-
cific intermediate layer MLP modules in the GPT model.
(Meng et al. 2022b) implemented large-scale memory edit-
ing in the Transformer model. To address the challenges of
locality and generality more systematically, global optimiza-
tion strategies have been proposed (Yu et al. 2024; Lee et al.
2022; Mitchell et al. 2021; Hase et al. 2023; Ni et al. 2023).
Recent research has demonstrated the enhanced knowledge
editing capabilities of in-context editing (Zheng et al. 2023).
(Zhong et al. 2023) stores the edited facts in explicit mem-
ory and gradually decomposes the multi-hop problem during
the reasoning process. (Shi et al. 2024) achieved multi hop

question answering knowledge editing through fact retrieval
based on mutual information maximization. Unlike previous
approaches (Pinter and Elhadad 2023; Yao et al. 2023; Zheng
et al. 2025), we introduce a novel method that effectively
mitigates the error accumulation issue in existing techniques.
Our approach organizes the reasoning process hierarchically,
enabling more accurate and robust knowledge editing.

8 Conclusion

In this paper, we introduce Tree of Editing (ToE), a novel
framework for multi-hop knowledge editing that leverages a
tree-structured reasoning paradigm. Unlike prior chain-based
approaches that are prone to error accumulation, ToE per-
forms breadth-first expansion to construct an evidence tree,
where each node is evaluated through a conflict-aware verifi-
cation mechanism. By integrating retrieved edit knowledge
using an observer and guiding the expansion process with
node scoring and beam selection, ToE enables diverse and par-
allel reasoning paths. Experimental results on MQuAKE-CF
and DUNE demonstrate that ToE consistently outperforms
both parametric and non-parametric baselines across multi-
ple editing metrics, including reliability, generalization, and
locality. Further analysis on closed-source models and abla-
tion studies confirms the effectiveness and generality of our
framework. These results highlight the potential of tree-based
reasoning in improving factual consistency and adaptability
in edited language models.
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